Traditional paleontological diversity curves are based on tallies of all taxa appearing in formally defined time units. These tallies are thought to be robust to further data collection. Thus, they supposedly do not reflect nuisance factors like variable time unit lengths and sampling intensity biases. A comparison of a decade-old North American Cenozoic mammal diversity curve and a newer database shows major differences. At least three major factors differentiate the two: use of shorter, fixed-length time intervals; restriction of counts to taxa that cross boundaries between intervals; and correction for variation in sampling intensity. The difference between genus-and species-level data also was examined, but appears to be minor by comparison. Because at best only one pattern can be close to the true historical trajectory, the analyses suggest that the new data and protocols together have yielded a curve that is converging on an accurate signal.
INTRODUCTION
One of paleobiology's most crucial roles is to present and analyze diversity curves showing how taxonomic richness evolves through geological time. Major data sets like those of Sepkoski (1978 Sepkoski ( , 1979 Sepkoski ( , 1984 serve as a gold standard against which all other biological trends in Earth history are contrasted. These meticulous compilations intuitively seem like the best possible approximations of true historical patterns. However, major questions about the veracity of these curves have existed for three decades. For example, the number of taxa appearing in each time interval appears to be strongly correlated with indicators of sampling intensity (Raup, 1972 (Raup, , 1976 . These skeptical concerns have been countered with two key arguments: that apparently independent data sets yield qualitatively similar patterns (Sepkoski et al., 1981) , and that large amounts of additional compilation only result in small changes (Sepkoski, 1993) .
Over the past few years, the question of bias has once again become a major concern. Variation through time in the number of studied fossils demonstrably has major effects on diversity curves (Alroy, 1996; Miller and Foote, 1996; Markwick, 1998) , as do secular variation in the nature of the rock record (Holland, 1995) and variation in the lengths of time units used to compute turnover rates (Foote, 1994) .
Here I compare two major data sets that seemingly pertain to exactly the same phenomenon: the Cenozoic radiation of North American mammals. Within the terrestrial realm, the North American mammal record is equaled only by the European mammal record (Savage and Russell, 1983; Hunter and Jernvall, 1995) . Taxonomic problems are relatively few, geochronological calibration points are numerous, and stratigraphic correlations are relatively well understood (Woodburne, 1987) . Stucky (1990) summarized this large body of literature in the first paper to rigorously analyze complete genus-level data resolved down to the level of North American land-mammal ages (NALMAs), which average between 3 and 4 m.y. in duration. Stucky personally collected many of his Paleogene faunal samples, and he extensively vetted the taxonomic nomenclature. His data are a very reasonable summary of the state of the art in mammal paleontology one decade ago.
I have built and continually updated a taxonomically standardized, locality-level faunal database summarizing the Cretaceous and Cenozoic record of North American mammals (Alroy, 1992 (Alroy, , 1996 (Alroy, , 1998 (Alroy, , 2000b . Appearance event ordination (Alroy, 1992 (Alroy, , 1994 was used to infer a complete, relatively ordered sequence of first and last appearance events, and geochronological age estimates were used to calibrate the sequence. Traditional NALMAs were abandoned; instead, diversity data were computed for evenly spaced, 1.0-m.y.-long intervals. Diversity counts were based on taxa crossing the boundaries between intervals, instead of all taxa appearing anywhere in each interval (the traditional method). Because the record is heavily dominated by localities in the western United States and Canada, faunal lists from other regions were excluded. The data were standardized to uniform sampling intensity levels using a randomized subsampling protocol. Thus, the final data show what the fossil record would look like at discrete, evenly spaced moments in geological time if sampling were completely uniform.
This paper focuses on two key issues. First, are the primary data in these two studies comparable? To answer this question, the new data are binned into the same time intervals as Stucky's and at first subjected to no further treatment. This question of whether new compilations yield different results has figured in previous analyses of diversity patterns (foraminiferans: Sepkoski, 1993 ; plants: Niklas and Tiffney, 1994; dinoflagellates: MacRae et al., 1996) , origination and extinction rates (brachiopods: Williams, 1957) , geographic ranges (gastropods: Vermeij, 1999) , and multivariate morphometrics (echinoderms and trilobites: Foote, 1997) . Second, do the additional steps that I advocated (Alroy, 1996 (Alroy, , 1998 (Alroy, , 2000b ) really make any difference? The importance of each factor is tested by quantifying the similarity between Stucky's curve and each successively refined version of the new curve, and by showing how each successive approximation differs from the last one. In addition to computing simple correlations, I perform additional analyses in which the data are detrended and autocorrelation is removed.
DATA
Stucky's data set (curve 1 in Fig. 1 ) consists of counts of genera within NALMAs. His original data were consistently subdivided into numbered subages (e.g., Puercan 1) throughout the Paleocene and Eocene, but divisions were broader in the Oligocene and Neogene: there were 32 PuercanChadronian intervals (about 1/1.0 m.y.), but only 11 for the Orellan-Hemphillian (about 1/2.6 m.y.). Even the few Neogene NALMA subdivisions were contentious; the Irvingtonian zones are an example (Bell and Repenning, 1999) . All of the Paleocene NALMAs, the end-Eocene Chadronian, and the very short early Oligocene Orellan and Whitneyan also appear to have been oversplit.
For these reasons, it was not possible to draw meaningful comparisons between all of Stucky's original 43 intervals and the new North American mammalian paleofaunal database time scale. Therefore, I was forced to convert his data into counts for entire NALMAs, except where a twoway subdivision could be determined easily and the entire NALMA had a duration of at least 3.0 m.y. (i.e., Tiffanian, Wasatchian, Bridgerian, Uintan, Duchesnean, Hemphillian). The less obvious splits of Stucky's NALMAs were: Tiffanian 2-4 versus 5; Wasatchian 1-4 versus 5; Bridgerian 1 versus 2 + 3; and Uintan 1 + 2 versus 3. Stucky's "Tiffanian 1" was included in the Torrejonian. The "Early Arikareean" (Geringian + Monroecreekian, 6.0 m.y.) and several relatively long Neogene NALMAs like the Hemingfordian (4.3 m.y.) were left unsplit because they were single units in Stucky's data. Stucky's Rancholabrean and Recent data were excluded because of their short duration. The Lancian (latest Cretaceous) was excluded in order to confine the data set to the Cenozoic.
A final set of 25 intervals was employed. Although the variance of the interval lengths is substantial (logged data: mean = 0.870, 1 σ = 0.481), the mean and standard deviation would have been equal instead if boundaries had been generated by a random Poisson process. Furthermore, the interval lengths do not correlate with the midpoint ages of the intervals (r = -0.299, t = 1.274, n.s.).
The methods used to prepare the North American paleofaunal database were described previously (Alroy, 2000b, and earlier papers; Wing et al., 1995) . This new data set includes 4713 faunal lists, 29,795 taxonomic records, 1223 genera, and 3207 species, and is based on 2760 publications (Alroy, 2000a) . The lists were subjected to maximum likelihood appearance event ordination (Alroy, 2000b) , which considers such factors as stratigraphic superposition and differing probabilities of preservation among taxa. The appearance event sequence was calibrated using 106 high-quality (i.e., 40 Ar/ 39 Ar, paleomagnetic, and uranium series) geochronologic age estimates. Instead of the earlier hinge interpolation method (Alroy, 1996 (Alroy, , 1998 (Alroy, , 1999 , this analysis employs the shrink-wrap nonparametric interpolation method (Alroy, 2000b) , which makes use of as many calibration points as possible. The calibration explains 99.91% of the variance in the age estimates. Sampling standardization was performed using the smoothed version of the records-squared list subsampling algorithm (Alroy, 2000b) , in contrast to the records-tallied method used earlier (Alroy, 1996 (Alroy, , 1998 (Alroy, , 1999 .
Several other, earlier data sets are not comparable: Romer (1966) Lillegraven (1972) published family and order data only; much of the Oligocene and Neogene data of Savage and Russell (1983) were repeated by Stucky; Van Valkenburgh and Janis (1993) published latest Eocene and Neogene data for large mammals only; and Hunter and Jernvall (1995) based their data on Savage and Russell (1983) . Thus, the current comparisons focus exclusively on Stucky's data.
ANALYSES
In addition to curve 1, representing Stucky's data, six other diversity curves were prepared from the new data set (Fig. 1, Table 1 ). Curves 2 and 3 also use the coarse, NALMA-based time scale. Curve 2 (new genus-level data) is consistently higher than curve 1 (Fig. 1A) , probably because of newly described taxa and age-range extensions: 702 publications in the database (25.4%) appeared during the 1990s, and 116 new genera were described (9.3%). Only one bin (Orellan) shows lower diversity in the new curve. This case may relate to extensive synonymizing of such mid-Tertiary large-mammal taxa as oreodonts (e.g., Janis et al., 1998) .
Curve 3 counts species instead of genera. The counts are augmented by assuming that if a genus ranges through a bin where no particular species of this genus has been identified, at least one species must be present (i.e., species data are transformed to species lineages; Alroy, 1996 Alroy, , 1998 . Curve 3 is consistently two to three times higher than curve 2 (Fig. 1B) , which results from the data set's overall 2.6:1 species to genus ratio. The other four species-level curves use the equally spaced 1.0-m.y.-long sampling bins. The shorter bins separate many species in the same NALMA that never actually coexisted, so curve 4 is much lower (Fig. 1C) . Curve 5 is lower still (Fig.  1D) because the counts represent tallies of species crossing boundaries between bins instead of ranging anywhere into a bin. Because all species crossing one point in time must have coexisted at that time, curve 4 represents bona fide faunal cohorts. Curve 6 restricts the data to the western region of the United States and Canada; because most data already come from this region, almost no change results (Fig. 1E) . The sampling-standardized curve 7 lowers the data one final time (Fig. 1F) .
Although most pairs of curves have very different means, what really matters is not these offsets but similarities and differences in shape. The easiest way to quantify shape similarity is to compute correlation coefficients. The data are first-log transformed, which reduces skewness. To compare curves using different time scales, data from the more highly resolved data set are boiled down by computing the geometric mean of all diversity estimates falling in each NALMAbased time interval. Time ( All but two of the correlations between consecutive versions of the curves (Last [raw], Table 1 ) are at or below +0.895, meaning that pairs of curves share only about four-fifths of their variance. Thus, a fifth or more of the signal in the curve is transformed at most steps. The exceptions involve the highly correlated genus-and species-level data (curves 2 and 3) and the essentially pro forma geographic restriction of the data set (curves 5 and 6).
The correlations are mostly lower for comparisons of all curves to Stucky's and to the sampling-standardized version. Oddly, some curves (e.g., curve 5) are just as similar to computationally related curves as they are to computationally distant curves. This pattern may be attributable to the statistical perils of crosscorrelating time series that show secular trends and autocorrelation.
Generalized differencing (McKinney, 1990 ) helps to remove these effects. It works by first detrending the data (by taking residuals of the diversity values regressed against numerical time), and then removing autocorrelation (by taking differences between neighboring values). It is important that these differences are modulated by the strength of the correlation between the neighbors (Lagged , Table 1 ). When autocorrelation is very weak, this weighting leaves the curve unchanged; when it is strong, the generalized differences converge on simple first differences.
All of the curves show a strong increase from the Paleocene to the Pleistocene (Time , Table 1 ). Therefore, linear detrending has a major impact (detrended values, Table 1 ). All of the correlations drop, although the ones involving neighboring curves are still moderate. Correlations between curve 1 and the others are substantially weakened. In particular, the curve 1 versus curve 2 comparison yields an r 2 of just 0.66. In other words, 34% of the variance in Stucky's data is not replicated by the new data set, even though the curves were prepared in exactly the same way. Correlations involving the sampling-standardized curve are even lower, and in one case just under zero (curve 4 vs. curve 7, Table 1) .
Generalized differencing has a more subtle effect (differenced values, Table 1 ). All but one of the correlations involving curve 1 fall, and now none of them implies an r 2 higher than 0.59. Parametric significance tests are now appropriate because the data retain no autocorrelation, but only the first two comparisons are significant (C1 [differenced], Table 1 ). So all the curves go up through time, but the interval-byinterval pattern of change in Stucky's data is different from those seen in the new curves employing a highly resolved time scale.
Quite to the contrary, correlations involving last-step curves or curve 7 often stay the same or even increase slightly with generalized differencing. None of the NALMA-based curves are significantly correlated with the standardized data.
Despite this, all but two neighboring pairs do show substantial and significant correlations. Thus, each separate step has a constrained, but still notable, effect on the shape of the curve. The cumulative result after several steps often is a completely altered pattern.
CONCLUSIONS
These simple analyses imply four major conclusions.
First, all of the curves climb, making it inevitable that most neighboring pairs of curves will show a moderate correlation. Nonetheless, these raw, uncorrected cross-correlations are mostly below +0.9 or even +0.8. Thus, 20%, 30%, or more of the variance in each curve must relate strictly to methodology. Because curves 2-7 are based on exactly the same raw data and underlying sequence of appearance events, the differences cannot be attributed to random sampling error.
Second, the more rigorous time series analyses show again that most analytical steps do have a major impact (Last [differenced]; Table 1 ). These key steps are: (1) switching from a traditional, NALMA-based time scale to a uniformly split, highly precise, quantitative biochronology-based time scale (curves 3 vs. 4); (2) switching from traditional counts of all species falling in bins to counts of species crossing between bins (curves 4 vs. 5); and (3) standardizing the data for variation in sampling intensity by means of randomized subsampling (curve 6 vs. 7). In each case, the shared variance between detrended shapes of neighboring curves is 50% or less. The corrections have the cumulative effect that none of the NALMA-based curves shows any significant shape similarity to the final, most refined curve.
Third, a major exception involves switching from genus-level data to species-level data. These curves share an impressive 83% of shape variance. Each type of data has failings. Workers are more hesitant to name new genera on marginally distinctive and poorly preserved material, but genera may be polyphyletic even when all species are valid (and so may inflate diversity), or they may collapse biologically distinct, coeval lineages of species (and so may deflate diversity). The substantial shape similarity between the differenced curves suggests that workers should think carefully when choosing between genus-and species-level data.
Fourth, no curve employing species-level data carries over any meaningful signal from the data set of Stucky (1990) . Thus, the old and new data agree that diversity has increased since the Cretaceous-Tertiary boundary mass extinction, but not on much else. For example, a marked Hemphillian drop in diversity is only visible in the species-level data. The 1990 data even fail as mere indicators of sampling trends. The enormous differences between curves 6 and 7 do correctly indicate where peaks resulting from rich sampling should lie (e.g., Wasatchian, Barstovian; see also Alroy, 1996 Alroy, , 1998 Alroy, , 2000b , but these peaks are not clearly visible in the older data.
One false conclusion that could be drawn is that the work of one researcher or the other was somehow negligent. This skepticism is belied by Stucky's (1990) obviously painstaking research, and by the present study's use of all the same older literature plus hundreds of new papers. If one really wanted to dismiss either data set, then one would also have to cast doubt on virtually every published paleontological diversity curve.
Another misapprehension would be the idea that if analytical steps make major differences to the shapes of curves, then the most refined data sets must be meaningless. To the contrary, every one of these steps is intended to draw out original biological signals in the fossil record. That is particularly true of the key steps: refining correlations, counting coeval cohorts of species, and standardizing sampling. The importance of sampling standardization is only emphasized by the substantial offset between the two independent raw data compilations (C1, C2). Clearly, then, additional sampling can and will have major impacts, so removing sampling artifacts is crucial. Standardized data may not be perfect, but by virtue of the very fact that they differ systematically from data that must suffer from strong artifacts, they are likely to be converging on the truth.
Thus, although we see enormous differences between diversity curves that all represent the same historical pattern, this does not suggest that there are insoluble problems with diversity analysis. Instead, the results vindicate two key conclusions: properly preparing diversity data is remarkably important, and even one decade of study can lead to substantial, progressive changes in a continent-and era-scale data set for a major taxonomic group.
